The increasing penetration of renewable energy brings great challenges to the planning and operation of power systems. To deal with the fluctuation of renewable energy, the main focus of current research is on incorporating the detailed operation constraints into generation expansion planning (GEP) models. In most studies, the traditional objective function of GEP is to minimize the total cost (including the investment and operation cost). However, in power systems with high penetration of renewable energy, more attention has been paid to increasing the utilization of renewable energy and reducing the renewable energy curtailment. Different from the traditional objective function, this paper proposes a new objective function to maximize the accommodation of renewable energy during the planning horizon, taking into account short-term operation constraints and uncertainties from load and renewable energy sources. A power grid of one province in China is modified as a case study to verify the rationality and effectiveness of the proposed model. Numerical results show that the proposed GEP model could install more renewable power plants and improve the accommodation of renewable energy compared to the traditional GEP model.
Introduction
Generation expansion planning (GEP), which has been studied continuously in recent decades, plays a critical role in the power sector and sustainable energy development [1, 2] . It mainly aims to acquire an optimal generation mix by determining the time, location, size, and type of different candidate generating facilities to meet the future load demand, guaranteeing that the power system stays reliable and secure [3] . With the planning horizon varying from several years to several decades, GEP models can be divided into short-and mid-term planning models (5-15 years) [4] [5] [6] and long-term planning models (20-50 years) [7, 8] .
Traditionally, the GEP model generally consists of two separate modules, i.e., the investment decision module and the operation assessment module [9, 10] . The first module is to determine the generation mix so that it can meet the peak load growth as well as the total electricity consumption every year according to the estimated utilization hours of different types of power plants [11] . The second module is used to check the reliability and feasibility of the generation mix provided by the first module, typically relying on the deterministic or probabilistic production simulation method [12] . In early years, these two modules are separated and solved iteratively in order to reduce the computational burden of GEP problems. However, the drawback of such a separated structure is that GEP models only provide the feasible expansion plan rather than the optimal one.
With the rapid development of computing power in recent years, it has now become possible to combine the investment decision module and the operation assessment module together in the GEP model [13] . This is also known as the GEP model with detailed operation constraints. The advantage of merging two modules is that power system operation in different load levels can be modeled more accurately by GEP problems. Thus, such GEP models could provide a more economic and more reliable generation expansion plan [14] [15] [16] .
To date, several approaches have been proposed to model the detailed operation constraints in GEP problems. The most commonly-used approach is to construct several load blocks using the load duration curve (LDC), where one block represents one load level and its corresponding duration time [17] . Then, the operation constraints of all load levels would be added to GEP models. This approach has been widely applied into several GEP problems, such as single-area GEP [18] , multi-area GEP [5] , expansion co-planning of combined power and natural gas systems [19] , and generation investment in the electricity market [20] . The benefit of this approach using load blocks is its lower computational burden than considering all operation constraints of several days. However, load blocks are from some discrete time, which cannot represent the continuous variation and uncertainty of renewable energy sources (RES) [21] .
As the RES penetration has increased rapidly in recent years, power system flexibility, ramping capability, and sufficient reserve are urgently required to deal with the inherent intermittency and uncertainty of RES [22] [23] [24] . However, ramping and reserve requirements can only be modeled on multiple sequential times, e.g., 24 h of one day. In addition, the operation constraints to model these requirements (such as ramping constraints and minimum up/down time limits) are usually neglected or simplified in the conventional GEP models. To address this challenge, several studies have been carried out to consider the chronological sequence of RES and then incorporate the detailed operation constraints in GEP models [25] [26] [27] [28] [29] [30] [31] . Their findings reveal that neglecting or simplifying the detailed operation constraints may have great impacts on the results of GEP models. Specifically, experimental results in [28, 29] showed that the GEP model without these operation constraints may underestimate carbon emissions, RES curtailments, and even the values of load not served. Numerical results in [30] showed that flexible generation capacity and wind curtailment are both underestimated in GEP models without considering the detailed operation constraints. Reference [31] concludes that the power system flexibility is likely to be overestimated if no or simplified operation constraints are considered. Therefore, to deal with the challenge brought by high penetration of renewable energy generation, it becomes necessary to consider the detailed operation constraints in GEP models. However, it would be time-consuming if operational constraints of all days are considered in the GEP model, especially in the multi-period planning model, since the model would become computationally intractable [29, 32] . To deal with this problem, selecting typical days or weeks of a year in the GEP model incorporating operational constraints is seen as an alternative and efficient way to reduce the computational burden and increase efficiency.
On the other hand, the aforementioned GEP model mainly aims to minimize the total cost (including the investment and operation cost). Actually, in power systems with high penetration of RES, these cost-oriented GEP models may cause a significant amount of RES curtailment [33] . However, in recent years, more attention has been paid to increasing the utilization of renewable energy and reducing the renewable energy curtailment. Therefore, it is urgent to develop a novel GEP model with the aim of increasing the accommodation of renewable energy generation as well as making power systems as "green" as possible.
Different from the traditional objective function, this paper proposes the multi-year GEP model with an alternative objective function to maximize the accommodation of renewable energy during the planning horizon, taking into account short-term operation constraints and uncertainties from load and renewable energy generation. To make a trade-off between model accuracy and computational tractability, a typical day selection approach based on the k-means clustering technique is adopted to decrease the computational complexity and increase the efficiency of solving our proposed GEP model. Finally, an actual power grid in one province of China is modified as the testing system to verify the effectiveness of our proposed GEP model. Numerical results show that our proposed GEP model installs more renewable power plants and improves the accommodation of renewable energy compared to the traditional GEP model. The remainder of this paper is organized as follows. Section 2 describes our proposed GEP model with the objective of maximizing the accommodation of renewable energy generation. Section 3 introduces the solution framework to compute our proposed GEP model. Numerical results of case studies in one province grid in China are shown in Section 4. Finally, Section 5 presents the main conclusions.
Mathematical Formulation
In this section, the mathematic formulation of the GEP model with the objective of maximizing the accommodation of renewable energy and its detailed constraints are introduced.
Objective Function
The objective function to maximize the accommodation of renewable energy generation is shown by Equation (1), which contains the utilization of wind and solar energy over the planning period. P W i,y,k,t and P S i,y,k,t represent the hourly power outputs of wind and solar power plants, respectively. ∆t is the duration of a time interval, equal to 1 h in this paper. Specifically, the accommodation of RES generation (including wind and solar electricity generation) is firstly calculated over all time periods of one representative day (t ∈ T) and then scaled to the annual accommodation using the weight of a representative day ω y,k . Note that ω y,k is determined as the number of daily profiles in the corresponding cluster divided by the total number of daily profiles in one year, which is explained in Section 3.2 in detail. Finally, the total accommodation of RES generation over the planning horizon is the sum of RES utilization of all years (y ∈ Y).
The objective function presented above should satisfy a couple of constraints, including budget and investment constraints, system-wide operation constraints, and plant-wide operation constraints, which are displayed as follows.
Budget and Investment Constraints
The upper limit of the investment cost during the planning horizon is set by Equation (2) [34, 35] . It means the total investment cost cannot exceed the desired investment budget C. As we can see, the annual investment cost is a function of the capital cost c inv i and the installed capacity of candidate plants of each year (i.e., P unit i X i,y − X i,y−1 , where X i,y is the number of installed units in plant i of year y). Since the proposed model is a multi-period GEP model, the total investment cost throughout the planning horizon is obtained by summing up the investment cost per year.
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where τ i is the capital recovery factor and π y is the present-worth value. In Equation (2), the investment cost of one unit has been converted into its equivalent annual cost (EAC) via the capital recovery factor τ i . Given the discount rate r, τ i , and π y are calculated as follows.
On the other hand, the total number of installed units of either candidate or existing plants in one year is denoted by X i,y . Therefore, candidate plants should be subject to some logical constraints (Equations (5) and (6)). Since unit retirements are not considered in this paper, the total number of installed units in a candidate plant of this year cannot be less than that of the previous year, as shown in Equation (5) . Moreover, the total number of installed units in one year is constrained by Equation (6) due to the limitations of construction and manufacturing capability. As for the existing plant (i ∈ Θ E ), X i,y is fixed as a constant over the planning horizon as described in Equation (7), equal to the number of existing units.
System-Wide Operation Constraints
System-wide operation constraints are presented as Equations (8)- (10) . Constraint (8) ensures that the total installed capacity should satisfy the adequacy requirement (one aspect of power system reliability evaluation). This requires that the system have the ability to supply all demand at all times taking account of scheduled and unscheduled equipment outages. Note that the capacity credit of renewable energy plant (i.e., λ W i,y or λ S i,y ) is less than one, meaning that the reliable (or firm) capacity of renewable energy plant cannot reach its nominal installed capacity due to the randomness of RES generation [36] . Power balance Constraint (9) requires that the sum of the power generated by all plants plus the net exchange power on all tie lines should be equal to the load. On the other hand, we also consider the dynamic Constraint (10) to make sure that the system has enough operating reserve at each time to deal with the increasing uncertainty coming from RES generation. The left-hand side of Constraint (10) represents the available operating reserve provided by all on-line units and all tie lines. The right-hand side of Constraint (10) represents the total reserve requirement from load variation and RES uncertainty.
Thermal Power Plant Constraints
The operation of thermal power plants should satisfy Constraints (11)- (16) . Note that P G i,y,k,t represents the sum of power outputs generated by all on-line units in a thermal power plant. α i,y,k,t , u i,y,k,t and d i,y,k,t are introduced as the number of on-line, start-up and shut-down units for the thermal power plant, respectively. The generation range of each thermal power plant is restricted by Equation (11) with its minimum and maximum on-line capacity. Furthermore, the ramping constraint of each thermal power plant is formulated as Equation (12), where RU G i and RD G i define its upward/downward ramping capability. Minimum start-up and shut-down time limits are represented by Equations (13)- (15) [30] . Low-carbon policy Constraint (16) limits that the annual carbon emission produced by all thermal power plants should not exceed the carbon cap [37] .
Hydropower Plant Constraints
The operation of hydropower plants should satisfy Constraints (17) and (18) . The generation capacity of an individual hydropower plant is determined by Constraint (17) . As for a hydropower plant with a large reservoir, its maximum available energy during all dispatchable periods is limited by Constraint (18) .
Renewable Energy Plant Constraints
As for renewable energy plants, their actual generation is limited by their forecasting result, as shown in Equations (19) and (20) . φ W i,y,k,t and φ S i,y,k,t are predicted nominal factors of wind and solar power output in one station, respectively. They can be generated by the RES output simulation module described in Section 3.
Transmission Tie Line Constraints
Operating constrains of transmission tie lines are given by Equations (21)- (23) . The power exchange on the tie line is limited by its maximum and minimum transmission capacity, as shown in Equation (21) . Similar to thermal power plants, the ramping capacity of tie lines is limited by Equation (22) . Finally, Constraint (23) limits that the annual exporting energy through transmission tie lines should be very close to its setting value E Tie l,y . δ Tie l is the acceptable trading bias. In this paper, transmission tie lines are divided into two groups, i.e., the importing group (l ∈ Θ L+ ) and the exporting Sustainability 2020, 12, 1083 6 of 18 group (l ∈ Θ L− ). For the sake of simplicity, we suppose that the importing or exporting status of every transmission tie line would not change throughout the planning horizon.
Renewable Portfolio Standard Requirement
The renewable portfolio standard (RPS) constraint is shown as Equation (24), requiring that a certain minimum share of electricity demand (including the exporting energy via transmission tie lines) should be supplied by renewable energy generation each year.
Finally, our proposed GEP model to increase the RES utilization is made up of the objective Function (1) and Constraints (2)- (24) . This GEP model is one of mixed-integer linear programming (MILP) problems. How to solve this problem is introduced in the next section.
Solution Framework
The solution framework for solving the proposed GEP model is demonstrated systematically in Figure 1 . Our solution framework contains three modules, i.e., RES output simulation module, typical day selection module, and GEP computation module. The first two modules provide input information for our proposed GEP model, and the final module is used to solve our proposed GEP model. Details of three modules in our solution framework are introduced as below. The renewable portfolio standard (RPS) constraint is shown as Equation (24), requiring that a certain minimum share of electricity demand (including the exporting energy via transmission tie lines) should be supplied by renewable energy generation each year.
The solution framework for solving the proposed GEP model is demonstrated systematically in Figure 1 . Our solution framework contains three modules, i.e., RES output simulation module, typical day selection module, and GEP computation module. The first two modules provide input information for our proposed GEP model, and the final module is used to solve our proposed GEP model. Details of three modules in our solution framework are introduced as below. 
RES Output Simulation Module
The first module was used to simulate RES output at each wind or solar power plant, since no historical data of RES output are available for GEP problems [38] . In this module, we first assume that wind speed follows the Weibull distribution. Given the probability density mentioned above, the stochastic differential equation proposed by [39] is then used to generate time series of wind speed in all potential wind power plants. After that, hourly wind speed data are transferred into hourly wind power data through the typical wind turbine power curve. As for solar output simulation, we use the methodology proposed in [40] to first generate the daily clearness index. Then, an hourly solar radiation in PV panel is obtained by combining the daily clearness index and incoming solar radiation data. After that, hourly solar radiation data are transferred into hourly solar power data through the typical PV inverter model. Finally, wind and solar simulation data 
The first module was used to simulate RES output at each wind or solar power plant, since no historical data of RES output are available for GEP problems [38] . In this module, we first assume that wind speed follows the Weibull distribution. Given the probability density mentioned above, the stochastic differential equation proposed by [39] is then used to generate time series of wind speed in all potential wind power plants. After that, hourly wind speed data are transferred into hourly wind Sustainability 2020, 12, 1083 7 of 18 power data through the typical wind turbine power curve. As for solar output simulation, we use the methodology proposed in [40] to first generate the daily clearness index. Then, an hourly solar radiation in PV panel is obtained by combining the daily clearness index and incoming solar radiation data. After that, hourly solar radiation data are transferred into hourly solar power data through the typical PV inverter model. Finally, wind and solar simulation data generated by this model are sent to the next module.
Typical Day Selection Module
Our proposed GEP model would become very computationally challenging if it contains operation constraints of all days in one year. To address this challenge, the second module was designed to select a subset of representative days and reduce the model complexity before solving our proposed GEP problems. Yearly profiles of load, wind, and solar are first normalized and then split into daily profiles of 365 days, respectively. Then, a high-dimensional vector (called "daily operating vector") is constructed by putting a daily load profile, daily wind profile, and daily solar profile of the same day together [32] . Next, the well-known k-means clustering algorithm [41] is used to cluster all daily operating vectors, yielding a subset of representative days that capture a wide variety of operating conditions (including load, wind, and solar) in different seasons. The typical day selection process introduced above would be repeated to generate all representative days of every year over the planning horizon. Finally, load, wind, and solar profiles of representative days provide information for D y,k,t , φ W i,y,k,t , φ S i,y,k,t of our proposed GEP model, respectively. The weight of a representative day ω y,k is calculated as the vector number in each cluster, divided by the total number of daily vectors.
GEP Computation Module
The previous two modules provide necessary parameter information, such as wind and solar profiles of representative days, for our proposed GEP model. In the final module, we used commercial solvers (for example, CPLEX) to efficiently solve our proposed GEP model, since this model is a MILP problem. After that, the GEP results and operating results of every year over the planning horizon were obtained. The RES accommodation results were calculated by scaling the obtained operating results via the weight of each representative day.
Results and Discussion
In this section, a testing system of one province in China is used to verify the effectiveness of our proposed GEP model. Numerical results from our proposed model and the traditional model are compared. All computations are carried out in C++ environment and MILP problems are solved by CPLEX on a desktop computer with 16 GB of RAM and a processor clocking at 3.40 GHz. When using CPLEX to solve MILP problems, the optimality gap is set to 0.01%.
Case Data
An actual power grid of one province located in Northwest China is modified as the testing system used in case studies, who has very rich resource of hydro energy and solar energy. In this system, its power generation mainly comes from hydro, thermal, wind and solar power plants. The installed capacity of all types of power generation in 2018 is summarized in Table 1 . As indicated by Table 1 , the installed capacity from wind and solar power plants has already reached 44% of the total capacity in 2018. On the other hand, the proportion of hydro power capacity is nearly 42%. Hence, almost all electricity demand in this testing system is provided by clean energy resources.
We choose historical data of the chosen area to simulate RES output for solving our proposed GEP model. Time-series data of wind and solar power outputs with 15-min time resolution from July 1, 2017 to June 30, 2018 (365 days in total) are visualized via the heat map in Figure 2 . Note that Figure 2 shows the total power generated from all wind or solar plants in the testing system. All parameters of candidate units used in our case studies are shown in Tables 2-5 . These parameters are public and come from [43, 46] . The exchange rate between USD and RMB is set to 7 in this paper. On the other hand, it is assumed that all parameters will not change in the planning horizon. This means that we do not consider the influence of technology advances on all parameters of power plants. Since we do not consider the investment on the transmission system in this paper, the grid structure in the planning horizon is supposed to be the same with the structure of the year 2018. The planning horizon is set as from 2021 to 2025 and the discount rate r takes the value of 10%. The potential capacity of all types of power generation in 2025 is also shown in Table 1 . The peak load of this system in 2018 is 9.25 GW and the annual growth rate of its peak load is expected to be 8% in future. The static reserve rate of each year R D y is set as 15% according to [42] . The transmission bias δ Tie l is fixed as 5% in this paper. All capacity information mentioned above is available in [43] [44] [45] . All parameters of candidate units used in our case studies are shown in Tables 2-5 . These parameters are public and come from [43, 46] . The exchange rate between USD and RMB is set to 7 in this paper. On the other hand, it is assumed that all parameters will not change in the planning horizon. This means that we do not consider the influence of technology advances on all parameters of power plants. Since we do not consider the investment on the transmission system in this paper, the grid structure in the planning horizon is supposed to be the same with the structure of the year 2018. 
Results
To verify the effectiveness of our proposed approach, we compare results of two GEP models. These two models are specified as follows.
• GEP-TO: This refers to the traditional GEP approach. Its objective is to find the least-cost generation mix. The total cost considered in GEP-TO model consists of the investment cost, the fixed operation and maintenance (O&M) costs, the fuel cost and the start-up cost of thermal plants. 
Comparison of the Installed Capacity between GEP-TO and GEP-NO
The installed capacity of each year obtained from GEP-TO and GEP-NO models is compared in Figure 3 . Detailed planning results including yearly installed capacity and yearly investment cost of GEP-TO and GEP-NO models are given in Table 6 . From Figure 3a , we can observe that GEP-TO approaches install many solar power plants every year. This is mainly because GEP-TO model uses the least cost as its objective and solar power plants have lower investment cost than wind power plants. Another reason is that there are more solar resources in the testing system, as shown in Tables 4 and 5 investment cost, no hydro power plants are installed during the planning horizon in both GEP-NO and GEP-TO models.
From Figure 3 and Table 6 , it can be seen that GEP-NO model prefers to install both renewable power plants and thermal power plants simultaneously. And, more renewable power plants would be installed in our proposed GEP-NO model compared with the traditional GEP-TO model. On the other hand, these renewable power plants are also installed much earlier in our proposed GEP-NO model than the traditional GEP-TO model. Thus, more RES generation could be accommodated in GEP-NO model, although the total investment of GEP-NO model is a little bit higher than that of GEP-TO model. From Figure 3 and Table 6 , it can be seen that GEP-NO model prefers to install both renewable power plants and thermal power plants simultaneously. And, more renewable power plants would be installed in our proposed GEP-NO model compared with the traditional GEP-TO model. On the other hand, these renewable power plants are also installed much earlier in our proposed GEP-NO model than the traditional GEP-TO model. Thus, more RES generation could be accommodated in GEP-NO model, although the total investment of GEP-NO model is a little bit higher than that of GEP-TO model. Figure 4 presents the generation mix of GEP-TO and GEP-NO models every year over the planning horizon. Detailed yearly cumulative installed capacity of all plant types and total installed capacity results of the two models are provided in Table 7 . As indicated in Figure 4 , compared with the proportion (44%) of wind & solar energy in 2018, both GEP-TO and GEP-NO models increase the share of wind and solar energy year after year from 2021 to 2025. However, our proposed GEP-NO model increases the proportion of wind & solar energy more rapidly than the traditional GEP-TO model. Specifically, in the first year (2021), the share of wind & solar energy in GEP-NO model has already reached 53%, which is significantly larger than that in GEP-TO model (only 47%). In the last year (2025), GEP-NO model yields to 59% of wind and solar energy, which is also larger than 57% in GEP-TO model. Reasons for a higher share of RES generation in GEP-NO model than GEP-TO model are that more wind power capacity are installed in our proposed GEP-NO model in the first year (2021). This also increases the accommodation of RES generation over the planning horizon. As demonstrated in Table 7 , the cumulative installed capacity of all plant types except hydro plant type has been increased at various levels since the first year of the planning horizon in the two models. Specifically, solar resource in both GEP-TO and GEP-NO models has nearly reached its potential capacity in the last year (the cumulative installed capacity of solar plants in both models is 18456 MW), while in GEP-NO model there is no potential capacity left for wind resource (5545 MW). The total capacity of GEP-NO model in the last year is 40908 MW, which is 1624 MW larger than that of GEP-TO model. Accordingly, the extra installed capacity results in the additional investment cost in GEP-NO model. Specifically, solar resource in both GEP-TO and GEP-NO models has nearly reached its potential capacity in the last year (the cumulative installed capacity of solar plants in both models is 18456 MW), while in GEP-NO model there is no potential capacity left for wind resource (5545 MW). The total capacity of GEP-NO model in the last year is 40908 MW, which is 1624 MW larger than that of GEP-TO model. Accordingly, the extra installed capacity results in the additional investment cost in GEP-NO model. 
Comparison of the Generation Mix between GEP-TO and GEP-NO

Comparison of the RES Accommodation and Curtailment between GEP-TO and GEP-NO
RES accommodation and curtailment of GEP-TO and GEP-NO models are shown and compared in Figure 5 and Table 8 . In this paper, only wind and solar energy are considered as RES. From Figure 5 and Table 8 , it can be seen that RES accommodation in GEP-NO model is higher than that in GEP-TO model every year. The five-year electricity generated from RES in GEP-NO model is 154.93 TWh, much larger than 131.03 TWh in GEP-TO model. No RES is curtailed in GEP-NO model. However, RES curtailment has occurred in GEP-TO model over the five-year period, with the maximum curtailment amount of 1.379 TWh and the curtailment rate of 5.85% in the year of 2022. These show that our proposed GEP-NO model can significantly improve RES accommodation and reduce RES curtailment compared to the traditional GEP-TO model. demonstrated in Table 6 . However, in the last two years, the difference of RES accommodation between GEP-TO and GEP-NO models is relatively small, only 2.78 TWh in 2024 and 1.41 TWh in 2025. This is because almost all of wind and solar resource have been developed and there is no enough potential RES available for GEP in the last two years. As presented in Table 8 , a considerable amount of renewable energy in GEP-TO model is curtailed in the first two years, to be precise, 0.794 TWh in 2021 and 1.379 TWh in 2022. In the following three years, the amount of yearly RES curtailment of GEP-TO model falls to less than 0.05 TWh. By contrast, no RES curtailment has occurred in GEP-NO model over the five years. One reason is that some dispatchable units like gas power units and coal fired units are installed in first two years in GEP-NO model compared with GEP-TO model, as illustrated in Figure 3 . It should be clarified that the amount of RES accommodation and curtailment in both models are computed without considering the transmission network of the chosen region. A multi-period GEP model with a network-constrained unit commitment model will be studied in further research. The investment cost budget is a critical parameter in our proposed GEP model. In other words, On the other hand, GEP-NO model accommodates more RES generation in the first three years (from 2021 to 2023) than GEP-TO model. Specially, in 2022 and 2023, compared with GEP-TO model, our proposed GEP-NO model increases the RES accommodation by 7.98 TWh and 7.49 TWh, respectively. This is because more wind and solar generation are installed in the first three years, as demonstrated in Table 6 . However, in the last two years, the difference of RES accommodation between GEP-TO and GEP-NO models is relatively small, only 2.78 TWh in 2024 and 1.41 TWh in 2025. This is because almost all of wind and solar resource have been developed and there is no enough potential RES available for GEP in the last two years. As presented in Table 8 , a considerable amount of renewable energy in GEP-TO model is curtailed in the first two years, to be precise, 0.794 TWh in 2021 and 1.379 TWh in 2022. In the following three years, the amount of yearly RES curtailment of GEP-TO model falls to less than 0.05 TWh. By contrast, no RES curtailment has occurred in GEP-NO model over the five years. One reason is that some dispatchable units like gas power units and coal fired units are installed in first two years in GEP-NO model compared with GEP-TO model, as illustrated in Figure 3 . It should be clarified that the amount of RES accommodation and curtailment in both models are computed without considering the transmission network of the chosen region. A multi-period GEP model with a network-constrained unit commitment model will be studied in further research.
Sensitive Analysis of Key Control Parameters
The investment cost budget is a critical parameter in our proposed GEP model. In other words, decision makers would set up the desired budget level according to their trade-off between the economy and RES accommodation. Planning results may change greatly at distinct levels of investment cost budget, which generally yields to different RES accommodation results. To analyze the impact of investment cost budget on planning schemes and RES accommodation, we choose the investment cost obtained by GEP-TO model as the benchmark, and then four subcases with different investment rates are designed based on GEP-NO model, defined as follows: Figure 6 shows the comparison of investment cost and total RES accommodation between GEP-TO and GEP-NO models with different investment rates. As indicated in Figure 6 , with the growing rate, the total RES accommodation in all four subcases of GEP-NO model increases accordingly, from 133.31 to 154.93 TWh. Compared with GEP-TO model, GEP-NO+0.0 model increases RES accommodation by 2.28 TWh although their investment costs are the same. By contrast, the accommodation of RES in GEP-NO+0.1 model is 14.94 TWh higher than that in GEP-NO+0.0 model because more wind and solar power plants are installed in the first two years. The difference of RES accommodation between GEP-NO+0.1 and GEP-NO+0.2 model is 5.05 TWh. However, the growth of RES accommodation slows down (only 1.63 TWh) when the investment cost rate rises from 1.2 to 1.3, since the additional investment cost brings only a small number of installed renewable units and they are mainly installed in the end of the planning period.
contrast, the accommodation of RES in GEP-NO+0.1 model is 14.94 TWh higher than that in GEP-NO+0.0 model because more wind and solar power plants are installed in the first two years. The difference of RES accommodation between GEP-NO+0.1 and GEP-NO+0.2 model is 5.05 TWh. However, the growth of RES accommodation slows down (only 1.63 TWh) when the investment cost rate rises from 1.2 to 1.3, since the additional investment cost brings only a small number of installed renewable units and they are mainly installed in the end of the planning period. Figure 6 . Comparison of the investment cost and the total RES accommodation between GEP-TO and GEP-NO models with different investment cost rates.
Proposals of management implications
Though the deployment of RES has been increased strongly in the past decade, how to invest RES reasonably to meet the goal of sustainable development and ensure RES accommodation as much as possible is still challenging for decision makers in power systems. Based on planning results in our case studies, some management implications are proposed as suggestions for decision makers:

For some cost-oriented cases, the traditional GEP model would yield to a least-cost planning scheme, while it could not guarantee renewable energy generation to be fully utilized.
The proposed GEP model with the objective of maximizing RES accommodation could be applied in the case with very rich renewable energy resource. Although our proposed model may result in more investment cost, it can increase the accommodation of RES efficiently and reduce the amount of RES curtailment. 
The selection of the investment cost budget (presented in constraint (2)) in our proposed GEP model depends on the conservative level of decision makers. Compared to a risk-averser, a risk-taker would be willing to pay more to install more RES and accommodate more renewable energy. Therefore, the investment cost would be higher. On the other hand, the investment cost budget in our proposed model can be determined by a two-stage method. In the first stage, the Figure 6 . Comparison of the investment cost and the total RES accommodation between GEP-TO and GEP-NO models with different investment cost rates.
Proposals of management implications
•
•
The proposed GEP model with the objective of maximizing RES accommodation could be applied in the case with very rich renewable energy resource. Although our proposed model may result in more investment cost, it can increase the accommodation of RES efficiently and reduce the amount of RES curtailment.
The selection of the investment cost budget (presented in constraint (2)) in our proposed GEP model depends on the conservative level of decision makers. Compared to a risk-averser, a risk-taker would be willing to pay more to install more RES and accommodate more renewable energy. Therefore, the investment cost would be higher. On the other hand, the investment cost budget in our proposed model can be determined by a two-stage method. In the first stage, the traditional GEP model is calculated to obtain the optimal investment cost over the planning period. Then in the second stage, decision makers can set up their desired investment budget, which is somewhat higher than the optimal investment cost derived from the first stage. After that, our proposed GEP model can be computed with this investment budget.
Conclusions
In this paper, we proposed a novel generation expansion planning (GEP) approach for power systems with high penetration of renewable energy. This model contains short-term operating constraints and an alternative objective to maximize the accommodation of renewable energy sources (RES). To make our proposed GEP model computational tractable, k-means clustering is used to select a subset of representative days and reduce the model complexity.
The effectiveness of our proposed model is verified on a real system in one province of China with high penetration of RES. Numerical results indicate that our proposed GEP model prefers to install more renewable power plants much earlier than the traditional GEP model with the objective to minimize the total investment cost. Although its total investment cost is a little bit higher than the traditional model, more RES generation could be accommodated in our proposed GEP model. Thus, our proposed approach provides better planning results to increase the utilization of renewable energy and reduce the renewable energy curtailment. Meanwhile, decision makers in power systems should make the tradeoff between the total cost and the accommodation of RES. More accommodation of RES is generally realized by allowing more investment in renewable energy generation.
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